Land change is a cause and consequence of global environmental change 1, 2 . Changes in land use and land cover considerably alter the Earth's energy balance and biogeochemical cycles, which contributes to climate change and-in turn-affects land surface properties and the provision of ecosystem services 1-4 . However, quantification of global land change is lacking. Here we analyse 35 years' worth of satellite data and provide a comprehensive record of global land-change dynamics during the period 1982-2016. We show that-contrary to the prevailing view that forest area has declined globally 5 -tree cover has increased by 2.24 million km 2 (+7.1% relative to the 1982 level). This overall net gain is the result of a net loss in the tropics being outweighed by a net gain in the extratropics. Global bare ground cover has decreased by 1.16 million km . Humanity depends on land for food, energy, living space and development. Land-use change-traditionally a local-scale human practice-is increasingly affecting Earth system processes, including the surface energy balance, the carbon cycle, the water cycle and species diversity [1] [2] [3] [4] . Land-use change is estimated to have contributed a quarter of cumulative carbon emissions to the atmosphere since industrialization 3 . As population and per capita consumption continue to grow, so does demand for food, natural resources and consequent stress to ecosystems.
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Humanity depends on land for food, energy, living space and development. Land-use change-traditionally a local-scale human practice-is increasingly affecting Earth system processes, including the surface energy balance, the carbon cycle, the water cycle and species diversity [1] [2] [3] [4] . Land-use change is estimated to have contributed a quarter of cumulative carbon emissions to the atmosphere since industrialization 3 . As population and per capita consumption continue to grow, so does demand for food, natural resources and consequent stress to ecosystems.
Because of their synoptic view and recurrent monitoring of the Earth's surface, satellite observations contribute substantially to our current understanding of the global extent and change of land cover and land use. Previous global-scale studies have mainly focused on annual forest cover change (stand-replacement disturbance) for the time period after 2000 7 , or focused on sparse temporal intervals 8 . Longterm gradual changes in undisturbed forests as well as areal changes in cropland, grassland and other non-forested land are less well quantified.
We create an annual, global vegetation continuous fields product 9 for the time period 1982 to 2016, consisting of tall vegetation (≥5 m in height; hereafter referred to as tree canopy (TC)) cover, short vegetation (SV) cover and bare ground (BG) cover, at 0.05°× 0.05° spatial resolution (for details of definitions, see Supplementary Methods). For each year, every land pixel is characterized by its per cent cover of TC, SV and BG, representing the vegetation composition at the time of the local peak growing season. The dataset is produced by combining optical observations from multiple satellite sensors, including the Advanced Very High Resolution Radiometer (AVHRR), the Moderate Resolution Imaging Spectroradiometer, the Landsat Enhanced Thematic Mapper Plus and various sensors with very high spatial resolution. We use non-parametric trend analysis to detect and quantify changes in tree canopy, short vegetation and bare ground over the full time period at pixel (0.05° × 0.05°), regional and global scales. Observed changes are attributed to direct human activities or indirect drivers on the basis of a global probability sample and interpretation of high-resolution images from Google Earth. The total area of tree cover increased by 2.24 million km 2 2 , −3%), despite differences in the time period covered and definition of forest (the FAO defines 'forest' as tree cover ≥10%; see details in Supplementary Methods).
The mapped land change ( Fig. 1) consists of all changes in land cover and land use induced by natural or anthropogenic drivers. Land change themes are also inherently linked in the tree cover-short vegetation-bare ground nexus. For example, deforestation for agricultural expansion is often manifested as tree canopy loss and short vegetation gain, whereas land degradation may simultaneously result in short vegetation loss and bare ground gain. Pairs of changes in TC (ΔTC), SV (ΔSV) and BG (ΔBG) show strong coupling and symmetry in change direction but vary substantially over space (Fig. 1b and Extended Data Fig. 1 ). That is, the globally dominant, coupled land changes are ΔTC co-located with ΔSV and ΔSV co-located with ΔBG.
The overall net gain in tree canopy is a result of a net loss in the tropics being outweighed by a net gain in the subtropical, temperate and boreal climate zones (Extended Data Table 2 ). A latitudinal north (gain)-south (loss) contrast in tree cover change is evident (Fig. 2a) . Conversely, for short vegetation tropical net gain is exceeded by extratropical net loss. The latitudinal profile of ΔSV largely mirrors that of ΔTC, most obviously in the northern mid-to-high latitudes (45° N-75° N) and low latitudes (30° S-10° N) (Fig. 2b) . For bare ground, subtropical net gain partially offsets losses in all other climate domains. In the northern low-to-mid latitudes (10° N-45° N), the profile of bare ground loss (Fig. 2c) closely corresponds to that of short vegetation gain (Fig. 2b) .
Changes were unevenly distributed across biomes (Fig. 3 , Extended Data Fig. 2 and Extended Data Table 2 ). The largest area of net tree canopy loss occurred in the tropical dry forest biome (−95,000 km Letter reSeArCH are expressed relative to the benchmark of the area of the cover class in 1982). Tree canopy in major forest biomes outside the tropics has increased over the past 35 years: temperate continental forest has experienced the largest gain (+726,000 km 2 , +33%) (Fig. 3d) , which is comparable to the next two biomes-boreal coniferous forest (+463,000 km 2 , +12%) and subtropical humid forest (+280,000 km 2 , +18%)-combined (Extended Data Fig. 2e, m) .
Short vegetation loss mirrored tree cover gain dynamics, but with smaller magnitudes: temperate continental forest (−610,000 km 2 , −14%), boreal coniferous forest (−430,000 km 2 , −10%) and subtropical humid forest (−249,000 km 2 , −9%). By contrast, tropical forest biomes all gained short vegetation, with tropical shrubland experiencing the largest areal increase (+417,000 km 2 , +10%) (Fig. 3e) , twice the amount of short vegetation gain in tropical dry forest (+246,000 km 2 , +5%). Tropical shrubland also experienced the largest bare ground loss (−408,000 km 2 , −10%). Subtropical desert-the second largest dryland biome on Earth-had the largest gain in bare ground (+154,000 km 2 , +4%) (Fig. 3f) , followed by subtropical steppe (+107,000 km 2 , +5%) (Extended Data Fig. 2h ).
Consistently across all climate domains, mountain systems experienced net bare ground loss, net short vegetation loss and net tree canopy gain (Extended Data Fig. 2c , f, i, n and Extended Data Table 2 ). In the high-latitude boreal tundra woodland and the polar ecozone (Extended Data Fig. 2o, p) , bare ground decreased and tree canopy increased in both biomes, whereas short vegetation decreased in tundra woodland but increased in the polar ecozone.
Based on the data from the global probability sample, an estimated 60% of all changes were associated with direct human land-use activities and 40% with indirect drivers such as climate change (Extended Data Figs. 3, 4 ; see Supplementary Methods). Direct human impact varied from 36% for bare ground gain to 70% for tree canopy loss. At the Table 1 ). The 'arc of deforestation' along the southeastern edge of the Amazon has been well-documented 7, 10 . Clearing of natural vegetation for export-oriented industrial agriculture also prevailed in the Cerrado (Fig. 4a ) and the Gran Chaco (Fig. 4b) . Spatially clustered hotspots of deforestation are also found in Queensland, Australia, and in Southeast Asia-including Myanmar, Vietnam, Cambodia and Indonesia-diminishing the already scarce primary forests of the region 11 . In sub-Saharan Africa, tree cover loss was pervasive across the Congolian rainforests and the Miombo woodlands (Fig. 4c) , historically related to smallholder agriculture and increasingly to commodity crop cultivation 12 . Forests in boreal Canada, eastern Alaska and central Siberia exhibited large patches of tree canopy loss and short vegetation gain, similar to the tropics (Fig. 1b) . However, these are the result of persistent disturbances from wildfires and subsequent recovery of natural vegetation 13 . Discernible effects of climate change on vegetation change are also revealed at regional scales. In the western United States (Fig. 4d) , forests are suffering from increasing stress from insects, wildfires, heat and droughts due to regional warming 14 . But in the temperature-limited Arctic, warming is facilitating woody vegetation growth in northeastern Siberia, western Alaska and northern Quebec 15 ( Fig. 4e) . Land-use activities are rare in these boreal tundra and polar ecosystems, contributing less than 1% to observed land changes (Extended Data Fig. 3e ). In water-limited savannahs in Central and West Africa (Fig. 4f) , forest expansion and woody encroachment-observed both from space and in the field 16 -are probably driven by increases in precipitation and atmospheric carbon dioxide 17 . Extreme high-rainfall anomalies also contributed to the greening of the Sahel 17 ( Fig. 4f) . Altitudinal biome shift is also expected in a changing climate. Global treeline positions have been advancing since ad 1900 as a result of climate warming 18 . The aforementioned bare ground loss, short vegetation loss and tree canopy gain in global mountain systems further suggest that an enduring transformation is occurring with regard to the distribution, structure and composition of montane vegetation.
Political, social and economic factors can influence vegetation in conjunction with climate drivers. Tree canopy in Europe, including European Russia, has increased by 35%-the greatest gain among all continents (Extended Data Table 1 ). Spatially contiguous hotspots of tree canopy gain were found in European Russia and Carpathian montane forests (Fig. 4g) . Natural afforestation on abandoned agricultural land has been a common process in Eastern Europe after the collapse (Fig. 4h ). An increasing area of plantations in southeastern China has also led to tree canopy gain (+34%) in China. Tree canopy also increased in the United States (+15%), mostly in the eastern United States (Fig. 1b) . Unlike declining forest cover in the western United States (Fig. 4d) , southeastern forests are recovering from historical disturbances or are under intensive forestry management 21 . The world's arid and semi-arid drylands exhibited large areas of decrease in short vegetation and large areas of increase in bare ground, indicating long-term land degradation. Hotspots of vegetation loss include the southwestern United States, southern Argentina, Kazakhstan, Mongolia (Fig. 4i) , Inner Mongolia, China, Afghanistan (Fig. 4j ) and large areas of Australia. The decrease in short vegetation cover in eastern Australia is probably the consequence of the longterm precipitation decline in the local growing season 22 . Rising surface temperatures, a reduction in rainfall, and overgrazing caused extensive grassland deterioration in the Mongolian steppe 23 . A nationwide ground survey in the United States revealed degradation of soils and vegetation combined with an increased dominance of invasive species in the southwest 24 . Human activities undoubtedly have a dominant role in agricultural and urban landscapes, where lands have been continually modified throughout human history. India and China had the largest bare ground loss among all countries (India, −270,000 km 2 , −34%; China, −250,000 km 2 , −7%). India also ranked second in short vegetation gain (+195,000 km 2 , +9%), after Brazil (+396,000 km 2 , +12%). While the short vegetation gain in Brazil is mainly due to the expansion of agricultural frontiers into natural ecosystems, short vegetation gain in India is primarily due to intensification of existing agricultural lands-a continuation of the 'Green Revolution' 25 . Some of the observed bare ground gain can be attributed to resource extraction and urban sprawl, most notably in eastern China (Fig. 4h) . However, at the global scale, the growth of urban areas accounts for a small fraction of all land changes 26 . Previous studies have found a greening Earth on the basis of trends in satellite-based vegetation properties (for example, leaf area index) and have linked this greening trend to a number of climatic and ecological factors 20, [27] [28] [29] . A recent study 29 using ecosystem models attributed 70% of the observed increase in the global leaf area index to the CO 2 fertilization effect and 4% to land-use change. Our finding that global bare ground cover has decreased over the past 35 years suggests a net increase in vegetation cover and is thus consistent with the greening trend. However, our results differ from previous studies by quantifying the prominent role of land use in global vegetation change. Using a global probability-based sample, we attribute 60% of observed land changes to land-use activities (Extended Data Fig. 3 ). Our empirical approach is based on observations of high-resolution satellite data (Extended Data Fig. 4) , avoiding the challenges of modelling the underlying drivers of land change 1 . Additionally, our TC-SV-BG land-cover product is thematically more advanced than vegetation indices in characterizing land surface change. For example, differentiating long-term changes in tree cover from other vegetation can facilitate an improved understanding of global fluxes of water, carbon and energy 9 . Our study provides observational evidence of increasing tree cover in northern continents, which may constitute the missing carbon sink 3 . By contrast, tropical tree cover loss is associated with higher biomass forests and is responsible for carbon emissions from deforestation 3, 5 . These satellite-based trends are substantiated through the uncertainty analyses (Extended Data Fig. 6 ; see Supplementary Methods), with the caveat that the long-term field data that would be ideal for verifying historical land-cover change are not available.
The results of this study reflect a human-dominated Earth system. Direct human action on landscapes is found over large areas on every continent, from intensification and extensification of agriculture to increases in forestry and urban land uses, with implications for the maintenance of ecosystem services 2 . However, human-induced climate change has been documented as an indirect cause of many of the quantified large-scale regional change dynamics, including woody encroachment in Arctic and montane systems and vegetation loss in semi-arid ecoregions 15, 17, 18, 22, 23, 29 . Continuing land-use change and the increasing role of climate change in modifying land cover warrants continued monitoring of the Earth's land surface from space.
Reporting summary
Further information on experimental design is available in the Nature Research Reporting Summary linked to this paper.
Data availability
The AVHRR vegetation continuous fields products that we generated will be distributed through Land Processes Distributed Active Archive Center (LP DAAC, https://lpdaac.usgs.gov/dataset_discovery/measures/measures_products_table/ vcf5kyr_v001). Vegetation continuous fields change and uncertainty layers are also provided at https://glad.umd.edu/dataset/long-term-global-land-change for download. All other data are available from the corresponding author upon reasonable request.
Online content
Any Methods, including any statements of data availability and Nature Research reporting summaries, along with any additional references and Source Data files, are available in the online version of the paper at https://doi.org/10.1038/s41586-018-0411-9. right, intensity plot of change area for ΔTC versus ΔSV, ΔTC versus ΔBG and ΔSV versus ΔBG, corresponding to a, b and c, respectively. To create these intensity plots, paired per cent change layers (Fig. 1b) are used to construct a 2D histogram with bin size of 1% for both axes. Then, the total change area in each bin is calculated and plotted. Fig. 5 | Global trends in land cover during 1982-2016 . a, Trends in TC cover. b, Trends in SV cover. c, Trends in BG cover. The following steps were taken for each cover type using TC as the example. The TC gain layer (Fig. 1b) was overlaid on the annual TC% stack to compute annual global TC area within the gain mask (solid dark blue lines); the TC loss layer (Fig. 1b) The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement An indication of whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
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Data collection
Sample-based driver attribution data were collected using Google Earth (freely available at https://www.google.com/earth/)
Data analysis
The regression tree algorithm used to generate VCF layers was developed by Breiman et al. (1984) . An R implementation is freely available at https://cran.r-project.org/web/packages/rpart/. Land-cover change characterization was implemented in Python using the Mann-Kendall-Trend package (freely available on GitHub at https://github.com/mps9506/Mann-Kendall-Trend), the SciPy library (freely available at https://www.scipy.org/) and the GDAL library (freely available at http://www.gdal.org/). Visualization maps were created using ArcMap 10.2.2 and PCI Geomatica 2014.
For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information. All studies must disclose on these points even when the disclosure is negative.
Study description
This study mapped annual global land cover between 1982 and 2016 using satellite data and quantified land-cover change over the study period.
Research sample
Two separate probability samples were selected, one used for land cover validation and one used for the driver attribution analysis. The validation sample used existing datasets described in Olofsson et al. For the driver attribution sample, an a priori sample size calculation was not employed. An initial sample size of 300 was selected and reported in the original submission. Upon reviewing the standard errors for the estimated proportion of change attributable to land use, we increased the sample size to 1500. The standard errors reported in the revised manuscript are accordingly much smaller, but this sample size was not chosen based on a formal sample size planning calculation.
Data collection
A complete description of data collection for the validation sample is available in Pengra et al. (2015) . For the driver attribution sample, data were collected by the authors via visualizing high-resolution images in Google Earth.
Timing and spatial scale The timing of the validation sample ranges from year 2002 to 2014. The spatial scale of the validation sample data is 5-km x 5-km.
The timing of the driver attribution sample ranges from year 1982 to 2016. The spatial scale of the driver attribution sample is 0.05 degree x 0.05 degree.
Data exclusions
No data were excluded from analysis.
Reproducibility
Our study did not involve comparisons of treatment groups or populations so we did not employ traditional experimental design and analysis of variance techniques. Consequently replication of experimental units is not applicable to our study design. The reliability of our findings was evaluated based on the reported uncertainty analyses, the accuracy assessment results, and the standard errors accompanying sample-based estimates.
Randomization
Randomization was incorporated in the sample selection process following standard protocols of probability sampling design.
Blinding
The typical use of "blinding" observers to the identity of treatment and control groups was not applicable in our study. However, a similar concept of "blinding" was incorporated in our accuracy assessment work as the interpreters collecting the reference condition data for comparison to the map classification did not know the map label for the sample units being interpreted.
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